INTRODUCTION
Texture classification and segmentation is an important research area from industrial to bio-medical images. The classification problem is basically the problem of identifying an observed textured sample as one of several possible texture classes by a reliable but computationally attractive texture classifier. This implies that the choice of the textural features should be as compact as possible and yet as discriminating as possible. In other words, the extraction of texture features should efficiently embody information about the textural characteristics of the image. The ultimate goal of texture characterization systems is to recognize different textures. To design an effective algorithm for texture classification, it is essential to find a set of texture features with good discriminating power. Previously a number of different texture analysis methods have been introduced namely statistical, structural, transform based and model based methods [1, 2, 3] Normally textures are studied through statistical and syntactical methods. The statistical method measures the coarseness and the directionality of textures in terms of averages on a window of the image [4, 5, 6] . On the other hand syntactical method describes the shape and distribution of the entities. The statistical method has the main features which are to be extracted that includes the autocorrelation function, Fourier transform domain, Markov random field models, local linear transforms, power spectra, difference gray level statistics, co-occurrence matrices and from sum and different statistics [7, 8, 9, 10, 11, 12, 13] .
Initially, texture analysis was based on the first order or second order statistics of textures. The co-occurrence matrix features were first proposed by Haralick [6] . Weszka [14] compared texture feature extraction schemes based on the Fourier power spectrum, second order gray level statistics, the co-occurrence statistics and gray level run length statistics. The co occurrence features were found to be the best of these features. This fact is demonstrated in a study by Conners and Harlow [15] . In [16] , Haralick features are obtained from wavelet decomposed image yielding improved classification rates.
S.S Sreeja mole [17] in this method classifies the textures on a pixel basis, where each pixel is associated with textural features extracted from co-occurrence matrices that differs the pixel itself. Here the windows related with the adjacent pixels are mostly overlapping resulting the pixels can be obtained by updating values already found. The classification rate in this method is 90%. Jing Yi Tou [18] proposed a method. In this method two popular texture analysis methods i.e. Gabor filters and the Grey Level Cooccurrence Matrices (GLCM). By using this method achieved a recognition rate of 88.52%. Guang-Hai Liu [19] proposed another method. In this method uses the Textons concept and the Grey-level Co-occurrence Matrices (GLCM) techniques used for texture categorization. The preset method uses the combination of the Grey-level Co- 
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RGB to HSV Color Model Conversion
Recent literature revel various color models in color image processing. In order to extract facial image features from color image information, the proposed method utilized the HSV color space. In the RGB model, images are represented by three components, one for each primary color -red, green and blue. Hue is a color attribute and represents a dominant color. Saturation is an expression of the relative purity or the degree to which a pure color is diluted by white light. HSV color space describes more accurately the perceptual color relationship than RGB color space because it is adopted with a non-linear transform. The present paper has used HSV color space model conversion, because the present study is aimed to classify the human age in to four groups with a gap of 15 years.
HSV color space is created by Hue (H), saturation (S) and value (V). Hue is the property of color such as red, green and blue. Saturation is the intensity of a specific color.
Value is brightness of a specific color. However, HSV color space separates the color into three categories i.e. hue, saturation, and value. Separation means variations of color observed individually.
The transformation equations for RGB to HSV color model conversion is given below.
(1) 
Overlapped Texton Matrix Detection
The texton patterns are defined as a set of blobs or growing patterns sharing a common property on the image [21, 22] . Based on the texton theory, texture can be decomposed into elementary units. Julesz's texton theory mainly focuses on analyzing regular textures, while the overlapped textons can be considered as the extension of Julesz's textons. Since overlapped texton involve texture and shape (edge) information, they can better present features for texture classification.
The present paper utilized a 2×2 sub window texton pattern as shown in Fig 1(a) . In figure 1(a), the four pixel values of a 2×2 sub window are denoted as PV 1 , PV 2 , PV 3 and PV 4 . If two pixels are highlighted in gray color of same value then the grid will form a texton. The six texton types denoted as TP 1 , TP 2 , TP 3, TP 4 , TP 5 and TP 6 are shown in figure 1(b) to 1(g). Julesz's texton theory mainly focuses on analyzing regular textures, but in all those texture analysis use non overlapped texton features for texture analysis. The disadvantage of non overlapped texton pattern, texton matrix consists of more number of zeros so that more information about the image lost. Another major disadvantage is that non overlapped textons does not consider the neighboring texton elements, even though they form the texton pattern with neighboring texton elements. Form Fig. 2 we observe that non overlapped texton image consists more number of zeros. To overcome the above disadvantages overlapped texton concept applies that causes the texton image consists less number of zeros and more information about the image is available for precise texture classification. There are many types of texton patterns in texture images. In this paper, we define six types of texton patterns and co-occurrence matrix derived from the overlapped texton pattern image for texture analysis. 
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Co-occurrence Matrix and Features
Recently Texton Co-occurrence matrix (TCM) is proposed in the literature [27] for higher retrieval rate. TCM is defined to be the distribution of co-occurring texton with a given offset over the texton index image. More over TCM is a computationally expensive procedure. To overcome this, the present paper considers Overlapped Texton Matrix (OTM), which is directly obtained from the original image.
To extract precise texture features, the present study computes co occurrence matrix for OTM. Due to cooccurrence matrices are typically large and sparse they are used to measure the texture image. GLCM is proposed by Haralick et al back in 1973 [6] . It is widely used for various texture analysis applications, such as texture Analysis [24] , rock texture classification, wood classification and etc. GLCM is a popular statistical technique for extracting textural features from different types of images. In order to find the spatial relationships effectively, the classification method is used and Grey-level co-occurrence matrix (GLCM) is one of the most widely used statistical texture measures. The idea of the method is to consider the relative frequencies for which two neighboring pixels are separated by a distance on the image.
Since the GLCM collects information about pixel pairs instead of single pixels and which is called by a name as second-order statistics.
The GLCM is generated by cumulating the total numbers of grey pixel pairs from the images. Each GLCM will be generated by defining a spatial distance d and an orientation, which can be 0 degree, 45 degree, 90 degree or 135 degree at a selected grey level G. The GLCM produced will be of size G × G. When the GLCM is constructed, C d (r,n) represents the total pixel pair value where r represents the reference pixel value and n represents the neighboring pixel value according to the spatial distance and orientation defined. Co occurrence matrix is generated from the OTM is called Overlapped Texton Co-occurrence Matrix (OTCoM). Based on this, OTCoM with different orientations 0 0 , 45 0 , 90 0 , and 135 0 are formed as shown in Fig.4(a) -(e) respectively. Textural features are extracted from the OTCoM for classification process. There are a total of fourteen features for GLCM [25] . The textural features used in this method are energy, entropy, contrast, local homogeneity, correlation, and inertia are shown in Eq (1) to Eq (6) [5] . 
RESULTS AND DISCUSSIONS
The present paper carried out the experiments on two To classify the relevant textures, fixed threshold, K-NN classifier is used to measure the similarity between query texture and the database textures. In case of fixed threshold, the threshold values are computed for different query textures. The best threshold value is chosen as the threshold of that particular texture feature. The Euclidean distance between these FVs helps in classifying the texture into correct group.
The results from two datasets are obtained in Table 1 & 2 which shows the average classification rates of the proposed OTCoM method. Mean classification rates for the proposed OTCoM and the other existing methods for classification stone textures using K-NN classifier is shown in Table 3 which clearly indicates that the proposed OTCoM outperforms the other existing methods. Fig.7 shows the comparison chart of the existing methods which are specified in table 3 and proposed OTCoM method. 
CONCLUSION
Paragraph The present paper derived a new co-occurrence matrix called as Overlapped Texton Co-occurrence Matrix (OTCoM) for rotation invariant texture classification. Julesz [21] proposed texton which represents the patterns of texture which is useful in texture analysis. The disadvantage of TCM is that, the computationally expensive. To overcome this problem, the present paper considered overlapped Texton Matrix (OTM), which is directly obtained from a original image and to extract a precise texture features. The features on color textures are extracted by means of GLCM [17] statistical method though the concept of overlapping window for neighboring pixels. So that, it is the computationally expensive. The present paper statistical method though the concept of non overlapping window for neighboring pixels. The experimental results clearly indicate the efficacy of the proposed OTCoM over the various existing methods.
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